Internet Appendix for "On the High Frequency Dynamics of Hedge Fund Risk Exposures * "
This internet appendix provides supplemental analyses to the main tables in "On the High Frequency Dynamics of Hedge Fund Risk Exposures"
The first section describes the process used to create the consolidated database of hedge funds that is employed in this paper from the TASS, HFR, MSCI and CISDM databases. Prior to Table IA .IV, we describe the simulation, and prior to Table IA .V, we describe the robustness checks conducted in that table. The tables and figures are as follows: [pages] , http://www.afajof.org/IA/2012.asp. Please note: Wiley-Blackwell is not responsible for the content or functionality of any supporting information supplied by the authors. Any queries (other than missing material) should be directed to the authors of the article.
The Consolidated Hedge Fund Database
As hedge funds can report to one or more databases, the use of any single source will fail to capture the complete universe of hedge fund data. We therefore aggregate data from TASS, HFR, CISDM, BarclayHedge and Morningstar, which together have 48,508 records that comprise administrative information as well as returns and AUM data for hedge funds, fund of funds and CTAs. However this number hides the fact that there is significant duplication of information, as multiple providers often cover the same fund. To identify all unique entities, we must therefore consolidate the aggregated data.
To do so, we adopt the following steps:
1. Group the Data: Records are grouped based on reported management company names. To do so, we first create a `Fund name key' and a `Management company key' for each data record, by parsing the original fund name and management company name for punctuations, filler words (e.g., `Fund', `Class'), and spelling errors. We then combine the fund and management name keys into 4,409 management company groups.
2. De-Duplication: Within a management company group, records are compared based on returns data (converted into US dollars), and 18,130 match sets are created out of matching records, allowing for a small error tolerance limit (10% deviation) to allow for data reporting errors.
Selection:
Once all matches within all management company groups are identified, a single record representing the unique underlying fund is created for each match set. We pick the record with the longest returns data history available is selected from the match set, and fill in any missing administrative information using the remaining records in the match set. The process thus yields 18,130 representative fund records.
Finally, we apply the criterion that 24 contiguous months of return data are available for each of the funds in the sample we use in the paper. This brings the final number of funds in the sample to 14,194. Table IA .I below shows the number of these final funds from each of the five sources (HFR, TASS, CISDM, MSCI and BarclayHedge), and the number of these funds that are alive and defunct (either liquidated or closed).
Table IA.I Data Sources
This table shows the number of funds from each of the five sources (HFR, TASS, CISDM, MSCI and BarclayHedge), and the number of these funds that are alive and defunct (either liquidated or closed) in the consolidated universe of hedge fund data.
Source Dataset
Number Table IA. 
II Static Factor Models for Daily and Monthly Hedge Fund Style Indexes
This table shows results from a simple two-factor model applied to five hedge fund style index returns, identified in the first row of the table. In all cases a constant is included, and two factors from the set of four daily Fung-Hsieh factors are selected using the Bayesian Information Criterion. The first row presents annualized alpha. Robust t-statistics are reported below the parameter estimates, and the R2 and adjusted R2 are reported in the bottom two rows of the This table corresponds to Table II of the paper, but contains results for four other hedge fund indexes. It shows results from a two-factor model applied to four hedge fund style index returns, identified in the first row of the table, allowing for time variation in the factor exposures as a linear function of conditioning variables (i.e., g(Z) is linear in Z, as in equation 7 of the paper). Two factors from the set of four daily Fung-Hsieh factors are selected for each style, using the Bayesian Information Criterion. The first row presents annualized alpha. Robust standard errors are reported below the parameter estimates, and the R 2 and adjusted R 2 are also reported. The fourth-last row presents the p-value for the joint significance of the coefficients on the interaction terms (Gamma1, Gamma2, Delta1, Delta2). The second-last and final rows present the correlation between the time series of daily factor exposures estimated using daily and monthly data, for each of the two factors. For ease of comparison, Z is picked to be dLevel for all indexes. Table II of the paper. The columns labeled "True" are based on daily simple returns that are compounded to compute monthly simple returns. The columns labeled "Approx" use simple returns but ignore compounding when computing monthly returns. The columns labeled "Log" are based on log returns, which cumulated to monthly returns exactly, but render the factor model only approximate. 
Convertible

Equity
Results from a simulation study of the estimation method
This table reports the mean and standard deviation, across 1000 independent simulation replications, of estimates of the parameters of a model of time-varying factor exposures. The results for ten different simulation designs are presented. Simulation design parameters are presented in the first panel of the table, and the mean and standard deviation of the simulation distribution of parameter estimates are presented in the second and third panels. The true values of the four parameters are presented in the first column of the table. The values for alpha, gamma and delta are scaled up by a factor of 100 for ease of interpretability. 
Robustness Checks
Table IA.V presents robustness checks used to identify whether the method proposed in this paper performs well over different sample periods, over different samples of funds, and under different transformations of hedge fund returns. In all these robustness checks, we consider the linear model for g(Z), and use dLevel as Z. We consider a model using both daily and monthly conditioning information, as well as a model based only on monthly information.
The first robustness check that we run is to split the sample period into two halves, with the second half beginning in 2002, after the NASDAQ crash, and extending up to 2009, including the credit crisis period. We find that our method performs relatively less well in the early period, with 14.2% of funds rejecting the null of no significant interaction variables. In the second sub-period, we find almost 30% of the funds selecting interactions. This might be explained by the population of funds shifting towards funds with faster-moving trading strategies, which would suggest that our method is more appropriate to use in the contemporary setting. The model using only monthly information performs equally well in both sub-periods.
Next, we investigate our use of the Getmansky, Lo and Makarov (2004) unsmoothing of hedge fund returns. Our baseline results us 2 lags when implementing this model, and we find that our results are essentially unaffected by the choice of using more lags (4) or no lags.
We then condition on the length of available return history for the funds, and find that the both models perform better for funds with longer return histories, which is understandable given that it gives us more information with which to pick up changes in risk exposures.
Finally, we condition on the size of the fund. We find that both methods work better for larger hedge funds (measured by the average AUM over the fund's lifetime), and worse for funds in the smallest tercile of AUM.
Table IA.VI Robustness Checks
This table presents the proportion of funds with significant time variation based on our linear model (g(Z) linear in Z, allowing for both daily and monthly variation in Z; or only monthly variation in Z), using dLevel as Z. These proportions selected change when the specification is altered according to the robustness checks itemized in the rows of the first column. The first row is taken from the main table of linear model results (Table III) and is repeated here for ease of reference. The first set of robustness checks splits the sample period into two halves; the second set alters the type of "unsmoothing" done to the returns prior to testing; the third set sorts funds according to their history lengths in the consolidated database; and the fourth set sorts funds according to their average assets under management. 
Robustness
